Vegetation plays an important role in stabilizing the soil and decreasing fluvial erosion. In certain cases, vegetation increases the accumulation of fine sediments. Efficient and accurate methods are required for mapping and monitoring changes in the fluvial environment. Here, we develop an area-based approach for mapping and monitoring the vegetation structure along a river channel. First, a 2 × 2 m grid was placed over the study area. Metrics describing vegetation density and height were derived from mobile laser-scanning (MLS) data and used to predict the variables in the nearest-neighbor (NN) estimations. The training data were obtained from aerial images. The vegetation cover type was classified into the following four classes: bare ground, field layer, shrub layer, and canopy layer. Multi-temporal MLS data sets were applied to the change detection of riverine vegetation. This approach successfully classified vegetation cover with an overall classification accuracy of 72.6%; classification accuracies for bare ground, field layer, OPEN ACCESS Remote Sens. 2013, 5 5286 shrub layer, and canopy layer were 79.5%, 35.0%, 45.2% and 100.0%, respectively. Vegetation changes were detected primarily in outer river bends. These results proved that our approach was suitable for mapping riverine vegetation.
Introduction
One of the most effective methods to prevent soil erosion is to increase vegetative cover on the land, because vegetative cover prevents both wind and water erosion [1] . In a riverine environment, vegetation acts as an interface between the flowing water and the soil. The plant roots bind the soil, interweave with other roots, and form a solid network permeating the soil, which increases the resistance to erosion. The removal of vegetation increases the rate of surface erosion [2] . During flood events, river bends lacking riparian vegetation can experience up to five times greater erosion than vegetated bends, and non-vegetated banks may experience up to ten times greater erosion than vegetated banks [3] . Thus, mapping and monitoring of riverside vegetation provides important information for understanding river channel evolution, fluvial modeling, and erosion-risk mapping.
Laser scanning (LS) enables an accurate three-dimensional characterization of the vertical structure of vegetation [4] . Airborne laser scanning (ALS) has proven to be an information-rich asset for mapping of vegetation characteristics because it accurately derives information on vegetation height and density [5, 6] . ALS enables the generation of highly detailed digital terrain models (DTMs) and the estimation of a range of vegetation attributes [7] . Terrestrial laser scanning (TLS) applications are used to estimate more detailed characteristics of vegetation. For example, ALS can be used to map the aboveground biomass over large areas of forest [8, 9] , whereas TLS can be used to describe the quality of individual tree trunks [10, 11] .
ALS measurements of a riverine environment have recently enabled estimations of mass wasting and bank erosion from large areas and long river reaches [12, 13] . Mobile laser scanning (MLS) and TLS have been used successfully for very detailed mapping and monitoring of riverine topography [14] [15] [16] [17] [18] . Alho et al. [19] reported the first use of an MLS system with a laser scanner mounted on a boat. This approach facilitated an effective survey angle for mapping the vegetation in deep riverbank topographies, which are difficult to map with ALS or TLS [16, 19] . Although the accuracy of boat-based MLS is less than that of TLS, Vaaja et al. [16] showed that MLS can provide accurate and precise change information over larger areas of riverine topography. Boat-based MLS also provides a cost-effective alternative to small-scale vegetation mapping with ALS data. ALS provides information about tree height and density of a tree crown whereas MLS provides information about the properties and quality of vegetation. However, area-wide vegetation mapping with boat-based MLS is challenging because data coverage may not be continuous compared to that for airborne sensors. The major drawback is that vegetation located in blind spots (i.e., shadowed by other vegetation or rock overhangs) cannot be measured. MLS systems have reasonable accuracy and utility for many environmental applications [20] [21] [22] [23] [24] [25] .
The riverbank characteristics of soil properties, length of rainfall periods, matric suction, geometry, and vegetation cover play important roles in bank failure and erosion-risk assessment [1, [26] [27] [28] [29] . Millar [30] showed that bank vegetation also exerts significant control over alluvial channel patterns. Vegetation also affects soil moisture and stability, freeze-thaw cycling, and erosion, especially in cohesive soils [31] [32] [33] . The growth rate and reproduction of vegetation in riverine environments responds to and affects fluvial processes by adapting to stream-flow variations, erosion, and burial stresses [34] . Flow disturbance has an effect on riparian vegetation [35] but established vegetation hinders erosion and increases the stability of deposition stream banks [36] . Bank-erosion processes are complicated in cold climatic conditions; accurate mapping and monitoring of riverside vegetation provides important information for understanding these processes.
Hydrodynamic, morphodynamic, bank-erosion, and channel-migration models of river environments also benefit from information on vegetation cover because they require estimations of channel roughness and bank strength that are caused by channel material and vegetation [37] [38] [39] . These models can be used to determine flood inundation areas, flood risk management, river management, and river rehabilitation [38, [40] [41] [42] [43] . DTM is the essential input data for hydrodynamic and morphodynamic modeling and fluvial geomorphological studies [18, 19, [44] [45] [46] . The inclusion of detailed information on vegetation cover and its yearly stability improves the model simulation results [34] . MLS is suitable for accurate DTM generation in a riverine environment because of its efficient survey angle for steep riverbanks [16, 19, 47] . Thus, it is advantageous to use MLS for mapping vegetation in addition to terrain topography.
Only a few MLS-based mapping and change-detection studies have been published [48] . To date, the use of MLS for mapping is limited primarily to corridors (e.g., road, stream, or river) with limited spatial extent, such as roadside mapping [49] [50] [51] [52] [53] . Wang et al. [54] used MLS data to detect and model sediment particles in fluvial systems. Forest mapping using MLS is challenging [55] [56] [57] . In fluvial studies, the proximity of the area of interest (riverine vegetation on the banks) to the mapping trajectory (river) ensures that data coverage is sufficient for mapping. Important riverine vegetation characteristics to map are vegetation type, vegetation coverage, and changes in vegetation. ALS and TLS have been used to classify riverine vegetation [58] [59] [60] . However, MLS has not been widely used for vegetation mapping. Because MLS can generate accurate DTMs, it is necessary to test if MLS data can be used for mapping and tracing changes in vegetation in a riverine environment.
The aim of this study was to develop a nearest-neighbor (NN) approach for mapping and monitoring riverine vegetation. The approach required grid-level training data and MLS data to derive DTMs and vegetation metrics. The mapping was tested for a four-class classification scheme, in which the classes varied from bare ground to canopy layer. Multi-temporal MLS data from 2009 to 2012 were used for monitoring vegetation changes.
Materials and Methods

Study Area
The study area is located on the meandering Pulmanki River (Figure 1 ), which is a 58-km tributary of the sub-arctic River Tenojoki (Tana). The Pulmanki River flows across the border of Finland and Norway at latitude 69.95 °N and longitude 28.10 °E, where Lake Pulmanki divides the river into two parts. The river has eroded a channel 30 m deep and 20-50 m wide. The river is characterized by steep banks (Figure 2 ), is highly sensitive to erosion and has large point bars. Snowmelt causes spring floods, whereas the water level is lowest and point bars are maximally exposed in the late summer. During snowmelt and the spring flood period, the water level can be several meters higher than the level in low-flow periods during summer and autumn. A flood flow causes remarkable sediment transport, including heavy erosion and deposition along the riverbanks and point bars. 
Mobile Laser Scanning Data
MLS data were acquired to measure riverine topography and characterize vegetation. We acquired MLS data from the study area in late summer (late August to early September) of 2009, 2010, 2011, and 2012. We used the ROAMER-mobile mapping system (MMS), which has been in development by the Finnish Geodetic Institute [19, 61] . ROAMER MMS utilizes the FARO Photon 120 (or the FARO Photon 80 for previous ROAMER version which was used in 2009 data acquisition) terrestrial laser scanner to acquire three-dimensional (3D) measurements. The FARO Photon 120 achieves maximum mapping range of 120 m, measurement rate of 120-976 kHz, field-of-view of 320°, and beam divergence of 0.16 mrad. The system parameters used each year are summarized in Table 1 . The navigation solution for the MMS is generated by the NovAtel Synchronized Position Attitude Navigation (SPAN) technology, which integrates GPS and inertial data for applications that require greater functionality and reliability than traditional stand-alone GPS is capable of offering. The SPAN system also operates in real-time kinematic mode with an internet-based application, named vDiff, which is developed by the Finnish Geodetic Institute [61] . The GPS receiver is a NovAtel DL-4plus containing an OEMG2 engine, and a GPS-702 antenna that offers access to the GPS L1 and L2 frequencies. The inertial measurement unit (IMU) is a tactical-grade, ring-laser gyro-based unit manufactured by Honeywell. The laser-acquired point data were geo-referenced during post-processing using raw laser-scanning data, laser-scanning trajectory data, and synchronization data. Waypoint Inertial Explorer software was used to compute laser-scanning trajectory, combining IMU and GPS data logged by the SPAN and data logged at the GPS reference station on the site. Under good conditions, the elevation accuracy of the ROAMER point cloud is better than 3.5 cm up to a range of 35 m, and the planimetric accuracy is better than 5 cm with a range of 45 m [62] . Table 1 . System parameters for the mobile laser scanning acquisitions at different time points (f s = scanning frequency, f p = point measurement frequency, h s = sensor altitude from the water surface, and r a = angular resolution). 
Date f s (Hz) f p (kHz) h s (m) r a (°)
Aerial Images
Aerial images were acquired using an unmanned aerial vehicle (UAV) helicopter to provide additional information on vegetation. The images were taken in 2012 at the same time as MLS data were acquired. The images were taken with a Samsung NX1000 micro-DSLR camera equipped with a 16 mm F2.4 lens mounted onboard a T-Rex 700E RC helicopter. As the UAV helicopter was controlled manually, the flying altitude varied, with most of the images taken between 20 and 70 m above ground level, and with an average flying altitude of 47 m. A total of 1,687 images from six flights were used in the production of the orthophoto, which was generated using the Agisoft PhotoScan software. The images were geo-referenced with 84 signals or spherical targets placed around the target area, and the accuracy of the bundle adjustment was 7.3 cm.
Filtering and Generation of Digital Terrain Models
MLS data were used to derive vegetation points and DTMs for 2009-2012. Because we used a phase-based approach, the number of false points is higher than that in pulse-based systems. In particular, there were noise points with low reflectivity and density in the air and below ground. We filtered the point clouds using the intensity and point-density values. The appropriate thresholds were determined for each year from test samples, and then we performed filtering for the entire dataset. The intensity thresholds varied from 500 to 700 (scale 0-2,044). The density-based method computes the number of points within a certain radius in the air, and removes the points if the density is less than the threshold. The applied threshold varied between test years with a value of 10 or 15 points within a spherical radius of 30-50 cm.
Ground-point classification was performed according to the method developed by Axelsson [63] . The method classified terrain points by iteratively building a triangulated surface model. Classification started by selecting some seed points that were confident hits on the ground within a user-defined grid (we used a 20 m grid). Seed points were selected to form an initial model. For each iteration of the model, one point at a time was added if it was below a user-defined parameter threshold value. Parameters were the maximum distance from a point to the triangle plane and the maximum angle between a point, as well as its projection on the triangle plane and the closest triangle vertex. A distance of 20 cm and an angle of 25° were used in this study. The iterative process ended when there were no more points below the threshold.
DTMs were formed from the classified ground points using a regular grid approach. We created separate, regular grids with 20 cm point spacing from each year's data, and we calculated the model elevation as an average elevation of the ground points within the 20 × 20 cm grid cell area. The ground-point density was 100-1,000 points/m 2 on the non-vegetated point bars. The root-mean-square error (RMSE) of the MLS-based DTMs for non-vegetated point bars ranged between 3.0 and 4.2 cm after correction of the systematic error. The ground-point determination for densely vegetated bank areas was more difficult, and resulted in RMSE between 12.6 and 28.5 cm [64] . The mapping distance of the MLS system depended on terrain topography, system trajectory, and vegetation. DTMs derived from the MLS acquisitions in the Pulmanki reach were 14.4 m wide on average, with minimum, maximum, and standard deviations of 2.5, 32.6, and 8.1 m, respectively.
Extraction of Metrics from MLS
Vegetation was characterized using metrics derived from the MLS point clouds (see Section 2.4). A 2 × 2 m grid was selected to provide sufficiently detailed MLS points for calculating the metrics, and the grid was placed over the study area. If insufficient information was acquired to generate DTMs in some areas (e.g., areas covered by water) the metrics were not calculated for those cells. Twenty MLS-derived metrics describing vegetation height and density were calculated for every grid cell using FUSION software [65] . The generated DTMs were used to normalize vegetation heights to the height above ground. The calculated metrics are presented in Table 2 . 
Vegetation Classes
Vegetation classes for 230 training grid cells were classified using expert knowledge and visual inspection of aerial images. Training cells were selected systematically over the study area to include approximately equal samples from each vegetation class. Vegetation was classified according to a common woodland sequence structure in Finnish forests. Areas that lacked vegetation were called bare ground. The field layer was composed of grasses, ferns, and low growing shrubs, (e.g., blueberry (Vaccinium myrtillus) and heather (Calluna vulgaris)). The shrub layer contained small trees and larger shrubs. The canopy layer contained the dominant tree canopy. Vegetation classes are shown in Figure 3 . A second testing set of 212 grid cells was selected to evaluate the mapping accuracy. 
Classification of Vegetation Using the Area-Based Approach
This approach used nearest-neighbor estimation in which nearest neighbors were selected based on the similarities of the MLS metrics. The area-based prediction of vegetation was based on a statistical dependency between the variables measured from the aerial photos and predictor features derived from MLS data. This kind of two-stage procedure to produce information from wall-to-wall grid-level predictions was called an area-based approach [5] .
The vegetation classes determined visually from the aerial images were used as the target observations (y-values), and the metrics calculated from MLS data were used as predictors (x-values). The predictors were chosen based on biological relevance and previous experience. Vegetation classes should be separable based on height and vertical density using a 2 × 2 m grid as an interpretation unit. Therefore, grid cells with mean height and 95th percentile height were used. Maximum height of MLS point was not used because it is sensitive to single errors in point heights. Standard deviations of the vegetation heights also were used to describe vegetation height and density, and it is also robust to single erroneous points.
The Random Forests (RF) method was used for the NN search as explained in detail by Crookston and Finley [66] . In the RF method, several regression or classification trees are generated by drawing a replacement of two-thirds of the data for training and one-third for testing each tree (i.e., out-of-the-bag samples). A regression tree is a sequence of rules that splits the feature space into partitions that have values similar to the response variable. Measurement of nearness in RF is defined based on observations of the probability of ending up in the same terminal node during classification. The output is the percentage increase in misclassification rate as compared to that of the out-of-bag rate (with all variables intact). The number of nearest neighbors (parameter k) was chosen to be five based on previous knowledge. A total of 1,000 regression trees were in each RF run to gain increased consistency.
The classification results were validated using the RF out-of-the-bag samples and an independent testing data set (see Section 2.6). The RF model that was trained with the 2012 data also was used to predict vegetation classes in 2009, 2010, and 2011.
Results
Accuracy of Mapping Vegetation
Classification of vegetation cover was based on mean height (H mean ), standard deviation of height (H std ), and 95th-percentile height (H95) calculated from MLS point clouds. The classification metrics differed among the four vegetation classes within the grid cells that were used to train the RF classification from year 2012. This result indicated that classes could be separated using these MLS metrics. The differences between the vegetation classes for the mean values of H mean , H95, and H std were all statistically significant using the Student's t-test (p < 0.001). For bare ground, H mean was 0.01 m on average. The respective mean values for field layer, shrub layer, and canopy layer were 0.7, 0.52, and 2.52 m (Figure 4) . Mean values increased gradually from bare ground to the canopy layer. For bare ground, field layer, shrub layer, and canopy layer, the H95 mean values were 0.02, 0.20, 1.19, and 5.59 m, respectively, and the H std mean values were 0.01, 0.07, 0.40, and 1.90 m, respectively. Vegetation cover was classified using the NN approach with overall classification accuracy of 72.6% in our test data set. Classification accuracies for bare ground, field layer, shrub layer, and canopy layer were 79.5%, 35.0%, 45.2%, and 100.0%, respectively. Classification accuracies for the training and testing data sets are presented in Table 3 . The predicted vegetation map for 2012 is presented in Figure 5 . Cross-tabulation showed that the canopy layer was classified most accurately (97.4%-100.0%). The shrub layer was classified as the canopy layer in 7.6% of cases. The shrub layer also was misclassified as the field layer. The field layer was classified as shrub layer in 7.6% of cases and as canopy layer in 4.3% of cases. Bare ground was classified as field layer, shrub layer and canopy layer in 1.9, 3.8 and 1.4% of cases, respectively (Table 4 ). Bare ground was misclassified as vegetated areas in 20.5% of cases and vegetated areas were misclassified as bare ground in 0.7% of cases. 
Monitoring Vegetation Structure
We 
Discussion
The next generation of riverine models is anticipated to require information on riverbank vegetation required. Current bank-erosion models have options for inserting vegetation parameters and root strength into simulations [38] . For the purposes of river management and flood analysis [67, 68] , hydrodynamic or rainfall-runoff models require roughness estimates, which originate from bank and flood-plain vegetation. It has been difficult to perform detailed and fast mapping of riverbank vegetation cover on vertical banks. Although vegetation is an important determinant of the evolution of river channels and riverbanks, some modeling studies still do not fully consider vegetation in riverine environments [69] . Capture of vegetation classes and changes in vegetation will allow for the incorporation of variables for erosion rates into models. These state-of-the-art models can more accurately predict river dynamics, can easily solve river-management issues, and can deepen our understanding of bank-erosion processes. The results of the current study provide new information regarding how MLS data can be used for mapping and monitoring riverbank vegetation. Although several MLS features were calculated for use as possible predictors, the only predictors with sufficient information and robustness were mean height, standard deviation, and 95 percentile of height. A mapping accuracy of 72.6% was obtained. We found that it was useful to use the same MLS data acquired for DTM generation for the extraction of information for the vegetation cover. Vegetation mapping using MLS was based primarily on accurate height measurements. To normalize height, an accurate DTM is required. We obtained year-specific DTMs derived from the MLS data. MLS can provide more accurate and detailed DTMs than those of ALS in riverine environments (cf., [10, 17, 47] ) due to the survey angle and close range. Although the survey angle is suitable for highly accurate generation of DTM of the riverbanks, it is challenging for the generation of wall-to-wall vegetation maps. MLS has a limited and varying mapping range. The theoretical mapping range is usually ~100 m; in practice, the mapping distance and data coverage vary depending on the visibility. In fluvial mapping, the area of interest is limited by definition to the riverbed. The area of interest is close to the mapping trajectory (river); thus, occlusion does not hinder mapping. Our mapping range varied from 2.5 to 32.5 m from the riverside, staying well within the maximum mapping range of the scanner. It is important to map the areas close to the water for modeling erosion risk. It is especially important to map vegetation in those areas that may be in continual contact with flowing water, and which also interferes with the flow field. We used a 2 × 2 m grid as our interpretation unit. Thus, a single tree crown may contribute to multiple grid cells. Therefore this approach is not suitable for mapping vegetation density within a grid cell.
RF and NN approaches are increasingly applied for the successful classification of various vegetation characteristics [7, [70] [71] [72] [73] . Hudak et al. [71] and Latifi et al. [72] showed that the RF method is robust and flexible to predict vegetation characteristics compared with other NN methods. Thus, we chose RF as the classification method.
Wasser et al. [74] showed that riparian vegetation influenced the accuracy of canopy-height estimates based on ALS data. It can be assumed that vegetation type has an influence on the accuracy of vegetation mapping in the current study, because vegetation mapping is based on height observations from MLS data. ALS data has been used for mapping 10 classes of wetland vegetation with a classification accuracy of 82.5% [58] . Farid et al. [59] used ALS to classify three different ages of cottonwood with classification accuracy of 78%. Extensive field data for ground truth were collected in these studies [58, 59] . We classified four vegetation classes in the current study and obtained a similar classification accuracy of 72.6% without a need for appropriate ground truth.
Occlusion caused gaps in the DTMs. Within these gaps, vegetation cover could not be predicted because there was no information for ground height. Ground height could be interpolated to these areas, but interpolation increased uncertainty, especially in steep riverbanks. For mapping of shrub and canopy layers, this may not be a problem. However, for mapping field-layer vegetation (mean height of 7 cm), it was crucial to have an accurate DTM. The field layer had the lowest classification accuracy (35.0%) because it was misclassified as other vegetated areas. For many applications it is sufficient to determine whether or not the surface is covered by any type of vegetation. Our approach classified 20.5% of the total bare ground area as vegetated. A previous report showed that vegetation was differentiated from bare ground with accuracy greater than 98% [60] . Our approach showed that vegetated areas were detected with very high accuracy, and misclassified only 0.7% of the vegetated area as bare ground. Vaaja et al. [16] showed that errors in DTM may affect the accuracy of vegetation classification. We used a dense DTM generated with a 20 cm grid. However, there were 0.5 m height observations in the extracted MLS metrics from steep river banks that were classified as vegetated, but were visually determined as bare ground. These kinds of errors originated in the DTM and some noise in the data, and caused some non-vegetated areas in steep riverbanks to be misclassified as vegetated. A multi-scale approach was presented that used TLS data to differentiating vegetation from bare ground [60] . This feature-based approach also could be developed to classify vegetation cover using MLS data, and it will be investigated in our future studies.
We mapped four vegetation classes. We aimed for robust MLS metrics that would not be sensitive to the viewing angle or distance to the scanner. The same metrics were then used to monitor changes in the vegetation cover. We cannot validate the classification accuracy for vegetation during 2009−2011. Our predictions for those years were made using an RF model trained with MLS data acquired in 2012. The acquisition parameters for MLS data varied from year to year, and that may have affected the classification. However, robust classification features were selected to minimize that effect. To verify the robustness of classification, we chose random samples from unchanged cells (n = 27) after the classification for further testing. Based on the samples for cells that belonged to the canopy layer, standard deviations for H mean , H std , and H95 were approximately 0.5 m. In field and shrub layers, the standard deviations within cells were approximately 0.1 m for all metrics. For bare ground, the standard deviations were less than 0.02 m. Part of the standard deviation in vegetated grid cells originates from the natural growth of vegetation. Thus, we can assume that the selected features were not overly sensitive to the variation in MLS acquisition parameters, and that the classification accuracy for those years is close to the classification accuracy obtained with 2012 data.
Changes in vegetation can be detected at approximately the same locations where erosion or deposition has occurred. Changes are detected at the meander bends and at the straight channel sections. Lotsari et al. [64] showed that differences in erosion and deposition rates varied more between years than between different river sections during the same year. During 2009-2012 most of the straight channel sections had changes of ±0.2 m and most of the meander bends had changes of ±0.3 m [64] . However, some localized sites had more extreme erosion and deposition (±0.5 m) during 2009-2012. The vegetation changes observed in meander bends were significantly larger than the error value for MLS data.
One of the main limitations in our study is the absence of actual field data for vegetation and vegetation changes during 2009-2012. Our training and validation data were measured from aerial images. Accurate field data would be required for mapping more detailed vegetation classes. Detailed field data also would be required to validate the accuracy of our vegetation monitoring, and to develop more advanced change-detection methods. However, this study proved that our approach can be used to predict vegetation classes. The consistency and precision of change estimates could not be calculated without reference data. However, it was possible to detect vegetation changes at the approximate locations where riverbank changes were reported [64] . These observations indicate that the approach could be useful for monitoring riverine vegetation. The observed trends in vegetation classes match the areas where changes (or lack of changes) were detected in the riverbanks. For example, an area that mapped as canopy layer in 2009, and where no changes were detected, also was mapped as canopy layer in 2012. Traditionally, the main focus in fluvial research has been to measure river-related characteristics such as flow velocity, depth, and fluvial geomorphology, but not to measure vegetation. Recent field studies that include measurements of vegetation use methods such as field observations, modeling, and flume experiments [34] but not remotely sensed data. It is important to develop approaches for vegetation mapping and monitoring that exclusively use remote sensing to measure information such as height, roughness, and exact location. This information can be incorporated into next-generation fluvial models. We assume that operational training data also could be measured visually from the MLS data instead of from aerial images.
Conclusions
This study developed and implemented an area-based approach for vegetation mapping and monitoring on riverbanks that was based on boat-mounted MLS data. Following this approach, it was possible to obtain an overall classification accuracy of 72.6% for four vegetation classes using mean height, standard deviation, and 95th-percentile of relative height. Our approach proved to be suitable for mapping and monitoring riverside vegetation. We conclude that, without specific field measurements of vegetation cover in a riverine environment, MLS data can be used to extract information for vegetation cover when it is acquired for other research purposes (e.g., to generate DTMs). In future studies, we will explore the use of MLS-acquired vegetation information as input data to generate more detailed fluvial models.
